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Augmented Chemical Intelligence?



We can't 
make 

everything
Need to 
reduce 

number of 
experiments

Need help 
in deciding  

what to 
make

We need a 
good 

Predictive 
Model

Needs 
access to 

lots of 
quality data

Which 
requires 

many good 
experiments

Need to be more insightful, creative, efficient, 
environmentally conscious…



From QSAR to Machine Learning
Overview of Machine Learning
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Machine Learning: Data-driven Modelling
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The need to map chemical space?
The First Law of Geography:

”Everything is related to everything else, 
but near things are more related than 

distant things”.

Waldo Tobler

• Not just big, high dimensional (need 
to consider Chemical Space-Time)
• What do we mean by related?
• What do we mean by near?
• In high dimensions ‘distance’ is less 

well defined

Data
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Improved understanding of aqueous 
solubility modeling through topological data 
analysis
Mariam Pirashvili1*, Lee Steinberg2, Francisco Belchi Guillamon1,4, Mahesan Niranjan3, Jeremy G. Frey2 
and Jacek Brodzki1

Abstract 
Topological data analysis is a family of recent mathematical techniques seeking to understand the ‘shape’ of data, and 
has been used to understand the structure of the descriptor space produced from a standard chemical informatics 
software from the point of view of solubility. We have used the mapper algorithm, a TDA method that creates low-
dimensional representations of data, to create a network visualization of the solubility space. While descriptors with 
clear chemical implications are prominent features in this space, reflecting their importance to the chemical proper-
ties, an unexpected and interesting correlation between chlorine content and rings and their implication for solubil-
ity prediction is revealed. A parallel representation of the chemical space was generated using persistent homology 
applied to molecular graphs. Links between this chemical space and the descriptor space were shown to be in agree-
ment with chemical heuristics. The use of persistent homology on molecular graphs, extended by the use of norms 
on the associated persistence landscapes allow the conversion of discrete shape descriptors to continuous ones, and 
a perspective of the application of these descriptors to quantitative structure property relations is presented.
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Introduction
It is estimated that approximately 40% of all drug discovery 
programs are abandoned due to problems with bioactivity 
[1], with solubility being a major concern for oral delivery.

While the field of solubility prediction is well-established, 
with several standard data sets and models being produced 
to generate predictive models, it is however, widely accepted 
that such models are inherently flawed, due to experimental 
difficulties resulting in significant uncertainties in measur-
ing solubility estimated to be around 0.6 log units [2]1.

Prediction algorithms that followed after [2] usually did 
not take this into account and therefore overfit, with a resid-
ual error lower than the estimated experimental uncertainty.

Huuskonen’s papers [3, 4], written two years prior, in 
2000, used multilinear regression and artificial neural 
networks on 30 electronic and topological features, and 
was able to achieve an r2 value of 0.86, with a standard 
deviation of 0.5 log units.

In 2004 [5], Delaney used linear regression on 9 fea-
tures, subsequently reduced to 4, to predict solubility. 
"e improvement in accuracy between Huuskonen and 
Delaney’s work falls within the error range of experimen-
tal solubility values.

"e same issue arises in the interpretation of the 2013 
results by Baldi et  al. [6], which uses novel methodolo-
gies, utilising the connection between recursive deep 
learning architectures and the molecular graph, but does 
not alter the problem statement: it once again tries to 
improve the prediction of solubility, acknowledging that 
the improvement falls within the expected experimental 
uncertainties.

In 2009, the Solubility Challenge was designed to assess 
the state of the field [7]. "is consisted of modeling the 
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1 !is refers to solubility as measured in molar concentrations, and Log 
base 10 as will be standard throughout the text.

Some collections of trusted, curated data
• Rapid increase in the number of 

available crystal structures
• By no means capturing all structures 

(being) determined

Data, Data everywhere - but not enough to model?

By far, the majority of data is unstructured
• Residing in articles, theses, patents 

(not particularly accessible)
• In difficult to process formats
• Never left the lab book…

• Beginning to move towards 
repositories, metadata 
standards, descriptors 

• Need AI suitable ways to 
structure data e.g. Topology 
(shape of data)

UN



Culture change required 
e.g. compiling non-curated/unstructured data
 

https://doi.org/10.1021/acs.jcim.6b00207

• Generally only published, successful 
outcome, data is made available 

• Extracting data is time consuming…

• It takes as much time to convert data to 
make it usable

• A clear need for data standards...

University of St Andrews 
 

Use of Electrical Adapters 
 
Introduction 

 

There has been a massive increase in the use of electrical equipment within the University and as a consequence 

there is extensive use of electrical adaptors within Schools/Units and also in residences by the students. 

 

There has also been an increase in the use of adapters for non-UK electrical plugs to fit UK electrical sockets.  

 

There is concern about the use of adapters in terms of fire safety and thus document is designed to provide 

detailed guidance on what adapters are acceptable and which ones are not with an explanation of why certain 

adapters are not acceptable. 

 

Types of Electrical Sockets and Plugs 
 
There are many different types of electrical plugs and sockets used worldwide. As an example these are 

 

 

 

 

  

 

The UK use type G plugs and sockets. 

 

Each country also uses a variety of electrical voltages and frequencies for their national systems which are shown 

in URL: https://en.wikipedia.org/wiki/Mains_electricity_by_country and also in URL: 

https://www.worldstandards.eu/electricity/plug-voltage-by-country/  

 

Type G plugs have a fuse system and should be fitted with an appropriate fuse for the equipment being used. 

 

The UK uses a 230V at 50Hz system while other countries use different systems eg USA 120 V at 60 Hz. 
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Desperate need for purpose-built, formal data infrastructures
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We are still in a liminal period! 
A key concern:
• e.g. Are GPS & Mapping leading to decline in 

spatial awareness?
• Overreliance on AI may put us in intellectual debt

Ethical & Explainable AI necessary for scientific discovery 

The need for trustworthiness 
• Provenance of data / training sets
• Benchmark data
• Ability to scrutinise / understand 

models and methods



Data science 
infrastructures 
and tools become 
available & useful 
(for chemists)

Data science is a 
ubiquitous 
discovery tool  
supporting 
chemistry 
research

Data science 
drives all 
chemistry 
research  

‘Chemists’ design new 
materials with specific 
properties and tell 
engineers how to make 
them - without ever 
entering a laboratory. 

Pockets of 
experts – 
alongside 
enthusiasts, 
advocates, 
champions & 
principles

Evolution of digital chemistry data 

t / ?



Will an AI win the Nobel Prize and replace us?!

“As an AI language model, I cannot predict the 
future… However, it is possible for an AI to 
contribute significantly to chemistry research 
that could be awarded a Nobel Prize”

”However, it is important to note that the 
Nobel Prize is awarded to individuals or groups 
of individuals, not to machines or 
algorithms…. Even if AI plays a critical role… 
the prize would likely be awarded to the 
human scientists who developed and applied 
the AI methods.”

“…Do you know who will find these things 
out?  Not our AI and ML systems, although 
I’m sure they’ll help whenever possible.  No, 
it is going to be us.  Just like it always has 
been.  The law of conservation of data…”

In the Pipeline
Chemistry World


